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The	 adoption	 of	 prognostics	 for	 critical	 assets	 has	 the	 potential	 to	 advance	 asset	






Prognostics	 requires	 a	 good	model	of	 the	process	of	 deterioration,	 from	 inception	
through	to	failure	[1]-[3].	Deterioration	may	be	due	to	aging,	as	in	the	case	of	paper	
insulation,	 or	 it	 may	 be	 due	 to	 a	 fault.	 Regardless	 of	 the	 cause	 of	 deterioration,	
prognostics	 is	 useful	 only	 if	 the	 deterioration	 is	 slow	 enough	 that	 maintenance	







most	 assets	 are	 removed	 from	 service	 before	 failure.	 	 A	 PoF	 model	 may	 be	






techniques	 can	 also	 be	 used	 for	 prognostics,	 e.g.,	 neural	 networks	 [4]	 or	 support	
vector	regression	[5].	Techniques	which	are	commonly	used	for	forecasting,	such	as	
linear	regression	[6],[7],	or	autoregressive	integrated	moving	average	[8],	can	also	be	
used.	 Those	 specific	 to	 prognostics	 include	 similarity-based	 prognostics	 [9]	 or	
particle	 filtering	 [10]-[12].	 Of	 the	 latter,	 a	 statistical	 filtering	 technique	 called	 the	
particle	filter	is	one	of	the	most	versatile,	as	it	places	few	constraints	on	the	form	of	
the	 deterioration	 function,	 and	 incorporates	 explicit	 handling	 of	 uncertainty.	 It	




application	 leads	 to	 higher	 levels	 of	 component	 monitoring	 than	 in	 the	 power	
industry.	In	particular,	the	particle	filtering	approach	has	been	applied	to	mechanical	





In	 this	 article	 the	 particle	 filter	 as	 a	method	 of	 prognostics	 for	 transformer	 paper	
aging	is	described.	The	PoF	model	of	deterioration	at	the	core	of	the	particle	filter	is	
derived	 from	 the	widely	accepted	 IEEE	 standard	C57.91.	The	key	advantage	of	 the	
particle	 filter	 approach	 is	 that	 it	 quantifies	 various	 sources	 of	 uncertainty	 in	 the		
paper	aging	process,	from	uncertainty	in	the	measurements	used	to	derive	hotspot	
temperature	 to	 uncertainty	 in	 the	 activation	 energy	 required	 to	 break	 cellulose	
chains	 in	 the	 insulation	 paper	 of	 a	 given	 transformer.	 Over	 the	 course	 of	 a	
transformer’s	service	life,		these	small	sources	of	uncertainty	may	lead	to	significant	







the	 deterioration	 of	 a	 component	 [13].	 Within	 the	 filter,	 a	 large	 number	 of	
simulations	 (called	 ‘particles’)	 are	 run	 in	 parallel	 with	 slightly	 different	 initial	
conditions	 and	 probabilistic	 state	 transitions.	 Each	 particle	 captures	 one	 possible	
fault	 trajectory.	Once	one	or	more	measurements	of	 the	 system	have	been	made,	
each	particle	is	given	a	weighting	based	on	the	likelihood	of	it	representing	the	true	
state	of	 the	system.	The	prediction	of	 the	time	to	reach	a	given	state,	e.g.,	 failure,		
emerges	through	agreement	between	the	majority	of	highly-weighted	particles.	
	
The	 system	 is	 modeled	 as	 two	 parts,	 namely	 the	 process	 model	 f	 	 and	 the	
measurement	model	h	[14]:	
	
!! ! !!!!!!!!!!		 	 	 	 	 (1)	




system,	 which	 must	 be	 Markovian,	 i.e.,	 the	 system	 state	 depends	 only	 on	 its	
immediate	previous	state	and	current	conditions,	and	not	on	historical	 states	 [13].	
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!!!		 	 	 	 (4)	
	
Equation	(3)	provides	prognostic	capability,	as	it	predicts	the	next	timestep.	Equation	
(4)	 is	 a	 diagnostic	 step,	 as	 it	 uses	measurements	 to	 adjust	 the	 probability	 of	 each	
particle	 representing	 the	 true	 current	 state	 of	 the	 system.	 Predictions	 at	 longer	





as	 in	 [11].	 In	 that	 case	 all	 particles	 simulate	 health	 in,	 say,	 a	 year’s	 time,	 and	 the	




































leads	 to	 the	 generation	 of	 acids,	 which	 catalyze	 deterioration	 [16].	 Hydrolysis	 is	




For	 a	 newly-built	 sealed	 transformer,	 the	 main	 deterioration	 mechanism	 is	
hydrolysis,	and	 the	 rate	of	aging	on	a	day-to-day	basis	 is	dominated	by	changes	 in	
temperature	 rather	 than	 by	 changes	 in	moisture	 content.	 	 A	model	which	 relates	



























		 	 	 (6)	
	
where	!	is	 the	 time	 in	 service	 in	 hours,	!!	is	 the	 RUL	 at	 time	!,	!!! 	is	 the	 hotspot	
temperature	 at	 time	!,	 and	!! 	is	 process	 noise.	 There	 are	 two	 main	 sources	 of	
uncertainty	in	this	model,	namely	the	initial	condition	!!,	which	is	the	initial	number	
of	hours	of	expected	service	life	corresponding	to	the	initial	DP	of	the	paper,	and	the	




The	 measurement	 model	 must	 capture	 the	 relationship	 between	 hotspot	
temperature	 and	 transformer	 measurands,	 and	 measurement	 noise.	 Since	 the	
transformer	hotspot	temperature	is	not	directly	observable,	it	must	be	inferred	from	
other	 parameters.	 C57.91	 [18]	 gives	 an	 equation	 for	 hotspot	 temperature	!! ,	













		 	 	 	 (8)	
	
where	!!!∀! 		 and	!	are	 respectively	 the	 top	oil	 temperature	 rise	over	 ambient	 at	
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The	 Power	 Networks	 Demonstration	 Centre	 (PNDC)	 is	 an	 11kV/400V	 test	 facility	
located	 near	 Glasgow,	 UK,	 used	 for	 trial	 and	 demonstration	 of	 smart	 grid	





transformer	 is	 critical	 for	 the	 site,	 since	 any	 transformer	 downtime,	 e.g.,	 for	
maintenance,	 	means	 the	 site	 is	 offline	until	maintenance	 is	 completed.	Given	 the	
high	data	collection	capability	on-site,	online	prognostics	of	the	transformer	can	be	
























to	 the	 testing	 of	 equipment,	 including	 novel	 protection	 devices,	 the	 network	may	
experience	 a	 higher	 number	 of	 faults	 than	 a	 utility	 would	 consider	 acceptable.	




generated.	 Load	was	measured	 using	 a	measurement	 class	 1	 current	 transformer,	
with	automatic	 logging	initiated	in	January	2015.	Prior	to	this,	 logging	was	initiated	








it	 is	 again	 de-energized.	 The	 current	 measured	 at	 the	 isolation	 transformer	 is	
typically	 20–30	 A,	 and	 fluctuates	 due	 to	 network	 reconfiguration	 and	 changing	
loadbank	 settings.	 On	 multiple	 occasions	 current	 peaked	 at	 80-105	 A,	 and	
interruptions	occurred	due	to	introduction	of	faults.		
	
The	particle	 filter	was	 initialized	with	 1000	particles,	 each	with	 the	process	model	
from	equation	(6),	the	measurement	model	from	equation	(10),	and	the	initial	life	of	
the	insulation	paper	!!	drawn	from	a	normal	distribution	with	a	mean	of	180,000	h	
and	a	standard	deviation	of	500	h	 (!!180000! 500!!!!This	 standard	deviation	was	
selected	based	on	engineering	judgment.	If	higher	accuracy	were	desired,	data	from	
the	 paper	 supplier	 or	 from	 testing	 of	 samples	 could	 be	 used	 to	 refine	 these	
distribution	parameters.	
	The	 measurement	 noise	 !! 	superimposed	 on	 the	 ambient	 temperature	





















a	 diagnosis	 of	 the	 health	 of	 the	 transformer	 paper	 in	 September	 2015.	 Figure	 1	
shows	 the	 resulting	probability	distribution	 functions	of	 the	RUL,	derived	 from	 the	
predictions	of	all	1000	particles.	The	median	RUL	at	the	start	of	life	is	just	below	the	



































The	 particle	 filter	 can	 be	 used	 to	 explore	 the	 effects	 of	 various	 conditions	 on	
transformer	 life.	 In	particular,	 the	effects	of	an	overload	for	a	given	period	of	 time	
can	be	visualized.	This	can	help	with	decision-making	about	whether	it	is	advisable	to	
allow	 an	 overload	 to	 occur.	 Figure	 5	 shows	 a	 load	 profile	 over	 a	 20-hr	 period	
containing	a	current	spike	with	a	maximum	corresponding	 to	1.6	 times	rated	 load.	











The	particle	 filter	 is	 a	 statistical	 tool	which	 can	predict	 the	 future	health	of	 assets	
under	different	operating	regimes.	While	the	 IEEE	equations	 for	 transformer	paper	
aging	given	in	C57.91	provide	estimates	of	the	effects	of	load	and	temperature,	they	




The	 approach	 shown	here	 can	be	 extended	 to	 include	 the	 effects	 of	 factors	 other	
than	temperature	on	paper	aging.	Thus	an	 increase	 in	 the	moisture	content	of	 the	
paper	would	affect	the	activation	energy	of	the	deterioration	process,	and	therefore	
the	constant	value	15,000	 in	 (6).	The	statistical	particle	 filtering	approach	could	be	




paper	 in	a	 transformer.	One	approach	 is	 through	 sacrificial	 paper	 strips	within	 the	









in	 C57.91	 will	 provide	 a	 very	 precise	 estimate,	 i.e.,	 a	 single	 value,	 which	 may	
however	 be	 in	 error.	 The	 probabilistic	 approach	 gives	 a	 range	 of	 values,	 which	 is	






Prognostic	 information	 can	 assist	 with	 various	 types	 of	 decision	 making	 within	 a	
utility.	Most	obviously,	asset	management	can	benefit	from	the	predicted	window	of	
time	 in	 which	maintenance	 can	 successfully	 avoid	 a	 failure.	 However,	 prognostics	
can	also	be	useful	 in	an	operational	context,	by	giving	extra	 information	about	the	
effects	 of	 a	 possible	 overload	 on	 the	 health	 of	 the	 assets.	 Adopting	 prognostics	
within	a	utility	offers	clear	gains	over	 relying	on	expert	 judgment,	and	 this	 topic	 is	
expected	 to	 drive	 further	 fundamental	 research,	 case	 studies,	 and	 adoption	 by	
industry	over	the	coming	years.	
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